Introduction
Increasing enrollment of the elderly in health maintenance organizations (HMO's) has become a priority of the Medicare system. With this goal in mind, the Tax Equity and Fiscal Responsibility Act (TEFRA), passed by Congress in 1982, provided financial incentives for prepaid groups to enroll Medicare beneficiaries. TEFRA regulations stipulated that the capitation rate for HMO enrollees would equal 95 percent of the adjusted average per capita cost (AAPCC). Any surplus achieved by an HMO could be retained and used either to lower supplemental premiums paid to the HMO by enrolled Medicare beneficiaries or to expand the benefits offered to these beneficiaries.
To determine the AAPCC, the national average per capita cost for all Medicare beneficiaries is first multiplied by the ratio of per capita reimbursement in the counties in which an HMO operates to per capita reimbursement in the entire United States. This cost is then adjusted further for differences between characteristics of the HMO-enrolled and unenrolled beneficiaries who reside in the county. This latter adjustment is based on four factors, which are used to classify patients into 1 of 30 cells: age (65-69 years, 70-74 years, 75-79 years, 80-84 years, and 85 years or over); sex; institutional status (living in the community or not); and, if living in the community, eligibility for Medicaid. The extent of adjustment for the 30 different subgroups is based on a national survey of 5,000 Medicare enrollees performed in the years 1974-76 (Beebe, Lubitz, and Eggers, 1985; Gruenberg, 1982; Thomas et al., 1983) .
As currently defined, the AAPCC methodology has come under strong criticism. Despite adjustment, substantial interpatient variation remains in the use of medical services within the 30 subgroups based on age, sex, and welfare and institutional status. In several studies among elderly patients, the subgroup classifications of the AAPCC have been found to explain less than 1 percent of the interpatient variation in utilization (Anderson, 1983; Beebe, Lubitz, and Eggers, 1985; Lubitz, Beebe, and Riley, 1985) .
Heterogeneity in utilization leads to important problems. First, by chance alone, HMO's could enroll a Medicare population that differs significantly from the average in long-term systematic utilization needs. In this case, HMO's would receive inappropriately high or low payment. This is more likely for HMO's that enroll only small numbers of Medicare beneficiaries and are not protected by the "law of large numbers" (McClure, 1984) . If such HMO's are risk averse, they may have a strong disincentive to enroll Medicare patients. Probably a more significant problem is the strong incentive for providers to attempt biased selection, skimming out healthy patients by making access more difficult for sicker patients. HMO's might, for example, provide particular benefits (e.g., preventive health rather than homemaker services) or employ targeted advertising to attract a healthier population. Structuring benefits in particular ways, such as reducing coverage for home health services, might also encourage existing members who develop a chronic illness to disenroll from the plan. Unfortunately, sicker patients may be the ones who would benefit most from the type of coordinated care that can be offered through an HMO. Skimming not only leads to difficulties in access but may also increase Medicare costs, forcing the Government to overpay HMO's for the healthy patients who have enrolled while remaining responsible for the sicker population still under Medicare's direct purview. Such a situation would also raise the level of payment set by the AAPCC, as this would be based on the higher levels of utilization among the sicker population remaining in the fee-forservice sector.
One potential solution to the problem of heterogeneity is to find a group of factors that predict future utilization needs and can be used to define subgroups that are more homogeneous than the current AAPCC subgroups in their expected health care expenditures. Individual prepaid groups would then be more likely to receive appropriate payment for their enrollees, and incentives for adverse or favorable selection would be diminished.
Predictors of medical utilization that might be considered for inclusion in the AAPCC have been examined in more than 40 previous investigations. To our knowledge, no systematic and comprehensive review of this literature has been conducted to date. In this article, we first describe the general format of previous investigations and summarize their data on the predictive strength of the various factors. We then discuss practical considerations for modifying the AAPCC. Finally, we identify the most pressing gaps in the available information and consider the implications of the data for policy and future research.
Methods

Selection of studies
A systematic online bibliographic search of the National Library of Medicine's Medline files was performed to locate investigations of patient factors associated with medical utilization that were published from January 1, 1970 1, , through December 31, 1985 . We selected only studies that pertained to the utilization of services in an American or Canadian elderly population (at least 60 years of age) or contained separate analyses on an elderly subset of a broader population from these countries. By these means, we identified 34 investigations. In addition, we included eight related but unpublished investigations that were identified by tracing citations from the literature we located.
Measures and predictors of utilization
The different measures of medical utilization used in previous studies can be grouped into three categories: total dollars spent on medical care, use of hospital services, and use of ambulatory services. In most studies, total dollars spent have been measured as the amount of money reimbursed by the Medicare program during a particular year. Hospital services most commonly have been measured either by the number of hospital days or episodes in a particular period of time or by total dollars reimbursed under Part A of the Medicare program. Ambulatory services have been represented in most studies by the number of visits to a physician during a given period of time.
The sources of utilization data (detailed in Table 1 ) vary across studies. Of 45 data sets used in 42 studies, 49 percent (22 out of 45) were obtained from patient interviews (self-reports). Records from health care providers or third-party payers, which may be a more reliable source of data than patient interviews, were used in the remaining studies. Of these records, 31 percent were provided by the Medicare system and 20 percent by other third-party payers or health care providers.
In the 42 studies, numerous predictors of medical utilization were investigated. These predictors fall into six groups: perceived health status, functional health status, prior utilization, clinical descriptors, sociodemographic characteristics, and additional predictors. A detailed definition and discussion of predictors is provided later.
Availability and presentation of data
With the exception of data on prior utilization, most of the available data about predictors of utilization come from studies in which information about predictors was collected at the same time as information about utilization. Hence, the various measures are predictors only in a statistical sense. In examining predictors of medical utilization in previous investigations, both univariate and multivariate models have been employed. In the univariate models, predictors were examined for the strength of their uncontrolled association with measures of medical utilization (e.g., t-test and chi-square). In the multivariate models, a predictor was examined along with sociodemographic characteristics or indexes of health status as one of multiple predictors of utilization (e.g., ordinary least-squares regression analysis).
In the 42 studies, t-tests and multiple-regression analyses were the most widely used analytic techniques. Therefore, the only measure of predictive strength available in every study is the statistical significance of individual predictors (from either a regression coefficient or t-statistic). Use of statistical significance has substantial limitations, which are discussed later. However, because statistical significance is available for all studies, we focus on it in our initial review of the literature.
We attempted to utilize as much of the available information as possible. To avoid overrepresenting the information on statistical significance from the several studies in which the same predictors or measures of outcome were examined in multiple models, we adhered to several conventions. For studies in which multiple models of the same outcome were presented, the statistical significance of any predictor that was used in more than one model came from the model that explained the greatest proportion of variance. For example, if age and sex were used as predictors of hospital services in one multiple-regression model, and age and prior hospital charges were used as predictors of hospital services in a second multiple-regression model, the statistical significance of age as a predictor of hospital services was taken from whichever of these two models explained the greatest proportion of variance (R 2 ). In the few cases in which the proportion of variance explained was not given, statistical significance came from the model with the greatest number of predictors. In addition, different versions of the same outcome measure presented in any one study (e.g., number of physician visits scaled Table 1 Summary of studies of predictors of medical utilization among the elderly Study (1) Anderson and Knickman, 1984a (2) Anderson and Knickman, 1984b (3) Anderson and Steinberg, 1984 (4) Anderson and Steinberg, 1985 (5) Anderson, 1983 continuously and a binary measure coded 0 for no physician visits and 1 for one visit or more) were considered as one outcome. The statistical significance of predictors examined in relation to both versions of such outcomes again was taken from the model that explained the greatest proportion of variance. In some studies, more than one model were considered, each model having a different outcome measure but the same predictors (e.g., age and sex as predictors of hospital services in one model and age and sex as predictors of ambulatory services in a second model).
In such cases, the relationship of a predictor to one outcome measure was considered independent of the relationship of that predictor to the other outcome measure or measures, and the statistical significance of each relationship was therefore analyzed separately.
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Finally, interaction terms were examined in only two studies. Therefore, they were excluded from the predictors reviewed. Although emphasis on statistical significance enabled us to include the majority of results available from previous studies, it also had important limitations. First, levels of statistical significance depend on sample size, which varied across studies. (Sample size data are provided in Table 1 .) This could bias the results against those predictors that were examined chiefly in smaller data sets, as the likelihood of a predictor reaching statistical significance is reduced in such cases. Second, with large data sets, predictors may reach statistical significance but explain only minimal amounts of interpatient variation. Reduction of variance, however, is a primary issue (from a statistical point of view) in reducing heterogeneity in the levels of utilization within groups of patients. Hence, models that incorporate statistically significant predictors can still make inaccurate predictions for subgroups of patients that are selected with bias. Third, levels of statistical significance depend on the number of predictors used in a model. This could bias the results against those predictors used primarily in larger multivariate models rather than in smaller multivariate or univariate models. Fourth, our inclusion of multiple outcomes from individual studies also introduced potential limitations, as some of the results were based on the same data and were therefore not statistically independent.
To address the limitations of the data based on statistical significance and to assess their accuracy, we considered two types of additional information. Before suggesting that a particular variable is a poor predictor of utilization because it did not often reach statistical significance in the studies we reviewed, we examined the sample size of the investigations that included this predictor. More importantly, we directly compared the explanatory power of different predictors through a second analysis focused only on the 13 investigations that included measures of univariate association between predictors and outcome measures. We examined correlation coefficients and chi-squares converted into correlation coefficients using standard methods (Rosenthal, 1984) . These indicators of effect size have three important advantages: they are independent of sample size; they are not influenced by the presence of differing numbers of additional variables, as in the multivariate models; and they can be directly equated with reduction in variance. We compared these latter results, based on effect size, with the results of the larger analysis based on statistical significance.
Results
Perceived health status
Perceived health status was examined in 15 studies. Information on this measure was commonly derived from the answer to a single question, such as, "Compared to other people your age, would you say that your health is excellent, good, fair, or poor?" The number of response categories given in this question varied across studies from two (e.g., good versus poor) to four. In addition, in two investigations (Coulton and Frost, 1982; Thomas et al., 1985) , a rating of perceived health was based on answers to more than one question.
Information presented in Table 2 suggests that perceived health is generally a predictor of medical utilization. Of 27 predictive instances, perceived health reached statistical significance (p < .05) in 23 cases (85 percent). Although the predictive power of perceived health is evident for both hospital utilization and ambulatory utilization, it may be greater for the latter (67 percent versus 94 percent). This makes intuitive sense because the patient may have a larger role in the decision to see a physician than in the decision to be hospitalized. Not enough data exist to consider perceived health as a predictor of total medical costs.
In 25 of the 27 instances examined, perceived health was measured with a single question: in 16 instances, four rating choices were offered (excellent, good, fair, or poor), and in 9 instances, two or three choices were offered. Based on the data in Table 2 , there appears to be little difference among questions with different numbers of response categories. In studies with a four-choice question, perceived health reached statistical significance 81 percent of the time (in 13 out of 16 studies). In studies that used a two-or three-choice question, statistical significance was reached 89 percent of the time (in eight out of nine studies). 24, 35, 42 10, 17, 28 9, 16, 19, 31, 34, 40, 41 11, 37 1 Values represent the number of statistically significant (p < .05) results for a predictor over the number of instances in which it was tested. See studies listed by number in Table 1 .
Because it was used in only two investigations, there are limited data with which to compare the multiplequestion approach to measuring perceived health with the single-question approach. In one investigation (Thomas et al., 1985) , this comparison was examined directly by testing the predictive strength of a singlequestion four-choice measure with the strength of a measure based on nine questions. The single-question measure explained 2.4 percent of the variance in Utilization, and the multiple measure explained roughly the same percentage (2.3 percent). In a second investigation (Coulton and Frost, 1982) , also, a measure of perceived health based on a series of questions was used and found to be a significant predictor, but there is insufficient published information to contrast its predictive power with that of the single-question measures used in other studies.
Functional health status
Nine specific indexes of functional health status were examined in 17 studies. These nine measures can be grouped into three conceptual categories:
• Global, or single-question, measures of impaired function, such as whether the individual is disabled or limited in usual activities or mobility.
• Measures of impairment in specific functions or groups of specific functions, such as ability to climb stairs, to walk one-half of a mile, to perform physical activity, or to perform activities of daily living (ADL) and instrumental activities of daily living (IADL).
• Measures of the number of days in a specified period of time during which some limitation of activity was present, such as number of days with restricted activity or with bed disability.
An overall evaluation of Table 3 indicates that measures of functional health are fairly consistent predictors of medical utilization. In the 76 instances of prediction tested, functional health reached statistical significance 47 times (62 percent). Predictive ability seems to be comparable for hospital utilization (22 out of 35, or 63 percent) and ambulatory utilization (20 out of 34, or 59 percent). Functional health also reached significance five out of seven times (71 percent) when used to predict total medical expenditures.
Although all measures of functional health generally have been strong predictors of medical utilization, some differences may exist among the three categories of measures. For example, global measures of functional health reached significance in 21 out of 22 instances in which they were tested (95 percent). Measures of impairment to specific functions or groups of functions reached significance only 39 percent of the time (16 out of 41), and numbers of limited-activity days reached significance 77 percent of the time (10 out of 13).
It is interesting that single-question global measures of functional health seem to have predictive power that may be superior to that of two widely used measures in which multiple questions are employed-ADL and IADL. One explanation for this finding may be statistical artifact. Studies in which ADL and IADL were examined generally had smaller sample sizes. Another possible explanation relates to the purposes for which the various instruments were created. The Katz ADL (Katz et al., 1963) and the Older American Resources and Services Questionnaire (OARS) IADL (Duke University Center for the Study of Aging and Human Development, 1978), for example, were designed to measure change in specific Table 3 Summary of results in studies of functional health
Specific predictors used Total
Global measures
Disability status Limited activity
Activity impairment
Ability to climb stairs Ability to walk 1/2 mile Activities of daily living scale Instrumental activities of daily living scale Rosow-Breslau physical activities Index
Limited days
Restricted-activity days Bed-disability days See studies listed by number in Table 1 .
Health Care Financing Review/Fall 1988/Volume 10, Number 1 functions over time. These scales are likely to be especially sensitive for gauging outcomes such as the efficacy of therapy for a specific disability. Yet, as predictors of a general outcome such as medical utilization, the more encompassing, or global, measures of functional health might more effectively cover areas of personal health and health-related behaviors that are missed when using measures relying on questions about specific areas of function. The available literature does not enable us to clarify the relative importance of these explanations.
Prior utilization
Prior utilization was examined in 12 studies. It is considered to be an indirect measure of health status as well as other characteristics of individuals that contribute to their use of health services. Seventeen different measures of prior utilization were examined. Six were measures of prior medical costs (e.g., total dollars reimbursed under the Medicare program) and 11 were measures of the intensity of prior utilization (e.g., numbers of Medicare claims filed, hospitalizations, hospital days, or physician visits).
As shown in Table 4 , prior utilization is a consistent predictor of subsequent utilization. In 12 investigations, measures of prior utilization reached statistical significance in 46 out of 51 instances (90 percent). Based on the available data, predictive ability appears to be consistent for total medical costs (38 out of 43, or 88 percent), hospital utilization (5 out of 5, or 100 percent), and ambulatory utilization (3 out of 3, or 100 percent). In addition, in multipleregression models that included as many as four measures of prior use, three of the four measures remained statistically significant (Ash, 1985) . This suggests that the several indexes of prior utilization may measure different and independently predictive patient characteristics. Predictive ability also appears to hold regardless of whether prior utilization is measured in terms of medical costs (13 out of 16, or 81 percent) or intensity (33 out of 35, or 94 percent).
It should be noted, however, that in 5 of the 12 investigations in which the predictive power of prior utilization was examined (Anderson and Knickman, 1984a; Anderson and Knickman, 1984b; Anderson and Steinberg, 1984; Anderson, 1983; Anderson et al., 1982) , data from the same source, the Medicare History File, were used. Therefore, the predictive power of prior utilization was demonstrated for only eight different data bases.
Clinical descriptors
Routine clinical and diagnostic information was considered in 25 investigations of medical utilization. The predictive information examined included direct measures of health problems (e.g., the existence of an acute or chronic health problem or numbers of specific acute or chronic problems) and indirect measures based on hospitalizations for specific diagnoses (e.g., whether there were any hospitalizations for chronic illness or complex diagnoses). Although the latter measures are similar to measures of prior utilization, they are classified here because the emphasis is on the existence of a particular clinical condition rather than on utilization alone. In the 25 studies, clinical descriptors were tested as predictors of utilization in 69 instances (Table 5) . They reached statistical significance in 57 of these instances (83 percent). The predictive patterns were similar for the three outcomes, with clinical descriptors reaching statistical significance 94 percent of the time as predictors of total medical expenditures, 83 percent of the time for hospital utilization, and 75 percent of the time for ambulatory utilization. In addition, this consistent predictive ability appears to hold for both types of clinical descriptors, with information on health problems reaching significance in 40 out of 51 instances (78 percent) and information on specific hospital incidents reaching significance in 17 out of 18 instances (94 percent).
Sociodemographic characteristics
Investigations of medical utilization have commonly included patients' sociodemographic characteristics as predictors. Of the 42 studies reviewed in this article, the effect of sociodemographic factors on utilization was examined in all but 2 (95 percent). Altogether, 25 different measures of patient sociodemographic characteristics were considered, including 7 basic demographic categories (age, sex, race, educational attainment, institutional status, primary language, and urban versus suburban residence), 14 measures related to economic standing (e.g., income, welfare status, and perceived social class), and 4 related to family structure (e.g., marital status and family size).
As shown in Table 6 , sociodemographic characteristics were statistically significant predictors of medical utilization in 44 percent of the instances examined (185 out A separate examination of the four sociodemographic characteristics currently used in the AAPCC (i.e., age, sex, institutional status, and eligibility for Medicaid) suggests that, as predictors of 1 Values represent the number of statistically significant (p < .05) results for a predictor over the number of instances in which it was tested. 2 Numbers indicate sample size of the largest study in which a predictor was statistically insignificant (p > .05). 3 See studies listed by number in Table 1. health services utilization, these variables fare about as well as sociodemographic characteristics in general. The four AAPCC factors reached statistical significance 50 percent of the time, compared with 44 percent of the time for all sociodemographic characteristics taken together.
Additional predictors
Several other predictors of medical utilization were used in a small number of studies. These include measures of psychological or mental status (e.g., scales of depression, psychic distress, general mental health), use or existence of social supports (e.g., receipt of Visiting Nurse Association or homemaker assistance, degree of social isolation), and other variables presumed to influence an individual's utilization of medical services (existence of transportation barriers, knowledge of community services or nutrition).
Overall, 21 different predictors were considered in 12 studies (Table 7) . Statistical significance was reached by these predictors in 16 out of 48 instances (33 percent). Taken as a group, these predictors seem to fare better in relation to ambulatory services (reaching significance 48 percent of the time) than in relation to hospital services (reaching significance twice in 19 instances). The data for the prediction of hospital services are limited, however, as they are based on only three investigations (Branch et al., 1981; Wan and Odell, 1981; Wolinsky et al., 1983) , none with a large sample size. In no studies in the group were total medical expenditures predicted.
Comparison of predictor groups
Comparing the explanatory power of the six groups of predictors is not straightforward. We attempted to do this in two ways.
Results based on statistical significance
Clearly, based on the percentage of statistically significant results, perceived health, functional health, 3-9, 11, 12, 14, 15-18, 20, 21, 24, 25, 28-32, 34-37, 39, 40-42 1, 3-12, 14, 15-17, 20, 21, 24, 25, 29-32, 34, 35, 37, 39, 40-42 9, 11, 12, 14, 16, 17, 27, 31, 35, 37, 39, 40, 42 34, 37 3, 5, 12, 13, 17, 28, 32, 35, 40 1, 4, 9-14, 16, 17, 21, 24, 28, 32, 36, 38, 40, 42 29 9-14, 16, 17, 19, 23, 27-29, 31, 34, 35, 37, 38, 40, 41 1, 3, 4, 6, 7, 9, 12, 14, 16, 17, 26, 30, 32, 37, 39, 40 35 39 20, 36 29, 38, 42 1, 8, 11, 39 9, 11, 16, 17, 26, 31, 40, 41 9, 16, 38, 41, 42 40 9, 12, 17, 31, 39, 40 41 16 19, 24 12, 14, 17 9, 16, 20, 28, 36, 39, 40, 41 9, 16, 17, 24, 31, 35, 37, 39, 40-42 35 1 Values represent the number of statistically significant (p < .05) results for a predictor over the number of instances in which it was tested. 2 Numbers indicate sample size of the largest study in which a predictor was statistically insignificant (p > .05). 3 See studies listed by number in Table 1. prior utilization, and clinical descriptors appear to be strong predictors of utilization. In each group, statistical significance was reached approximately two-thirds of the time or more. On the other hand, sociodemographic characteristics and additional predictors reached statistical significance in less than one-half of the instances examined. The poorer predictive power of the sociodemographic variables does not appear to be related to sample size, as these predictors were examined in many of the larger studies and nevertheless failed to reach statistical significance. (Note the relatively large sample sizes in the last column of Table 6 .) To more accurately compare the six predictor groups, we performed a second analysis.
Results based on correlational data
Because the previous results depend in part on sample size, on the number of predictors included in multivariate models, and on the number of outcome measures examined in individual studies, all of which vary, we compared the explanatory power of the predictor groups in a more direct way. We examined the magnitude of association between predictors and outcome measures using correlation coefficients, which are independent of both sample size and the number of predictors in a model. Reduction of variance (R 2 ) can be calculated directly from such data.
In Table 8 , we present correlation coefficients from 13 studies for which they were available (Anderson, 1983; Ash, 1985; Freeborn et al., 1977; Gruenberg, 1982; Hassinger and Hobbs, 1973; Haug, 1981; Kasper and McCombs, 1985; Lopez-Aqueres et al., 1984; Markides, Levin, and Ray, 1985; Roos and Shapiro, 1981; Shapiro and Roos, 1985; Thomas et al., 1985; Wright, Berg, and Creecy, 1980) . These data reflect a pattern that is roughly similar to the pattern of results based on statistical significance. Prior utilization was the strongest predictor, with mean correlations ranging from .24 to .40, depending on the outcome examined. This is equivalent to a reduction in variance of approximately 6-16 percent. Perceived health, functional health, and clinical descriptors also generally predicted utilization well. Sociodemographic characteristics again generally predicted utilization poorly, with mean correlations ranging from .02 to .05, depending on the outcome examined. Although 9 out of 58 correlations between sociodemographic characteristics and medical utilization were greater than .10, the predictive strength of individual characteristics was variable and did not suggest that any particular sociodemographic characteristic was a strong predictor. Although the data are sparse, the four sociodemographic factors that are currently used in the AAPCC appeared to correlate with utilization no better than all sociodemographic characteristics taken together. Finally, when taken as a group, additional predictors again appeared to be rather weakly associated with medical utilization. However, in four studies (Freeborn et al., 1977; Hassinger and Hobbs, 1973; Shapiro and Roos, 1985; Wright, Berg, and Creecy, 1980) that included correlations of indexes of mental health and ambulatory utilization, several of the associations were of moderate strength (poor mental health-.06, .24, .37; worry over health-.13; morale-.06) . No information is available about the univariate association of these predictors with hospital utilization or total medical costs.
Potential modifiers, practical considerations
Based on the comparison of predictors, it appears that the AAPCC formula could be improved by including new factors. In the current AAPCC, only four sociodemographic characteristics, which predict total medical utilization relatively poorly, are used. It is therefore of interest to consider the possibility of modifying the AAPCC to include factors from the groups of predictors that are more strongly associated with total medical utilization.
Characteristics of predictors that might facilitate their use as modifiers of the AAPCC have previously been delineated (Lubitz, 1985; McCall and Wai, 1983; Thomas et al., 1983; Welch, 1985) .
• They should strongly predict utilization and so define a system of adjustment in which the cells are relatively homogeneous.
• Data on predictors should be easy to collect and not entail significant financial expense or administrative difficulty.
• Predictors should be easy to monitor and difficult to manipulate by providers who have an incentive to influence capitation rates.
• They should not provide incentives for inefficient care. Thus far, we have considered the predictive strength of the various types of factors. Because measures of perceived health, measures of functional health, and prior utilization and clinical descriptors appear to be the strongest predictors of those reviewed, we will consider these four predictors in terms of the other characteristics.
In terms of ease of collection, all four predictor groups have drawbacks. No information on perceived health status is currently available in Medicare data bases. To collect such information, a new administrative framework would need to be established for interviewing Medicare beneficiaries. However, because perceived health status can probably be ascertained from the answer to a single question, patient interviews would not be lengthy. Information on functional health status is also not available in current Medicare data bases, with the exception of one datum on whether an elderly beneficiary previously received disability payments. Because other measures of functional health status may be more powerful predictors of utilization, the incorporation of functional health measures in the AAPCC would also likely require beneficiary interviews and so entail a new administrative framework. In addition, questionnaires used to determine functional health might be more complex and lengthy than those used for perceived health. Although data on prior utilization are available for beneficiaries who have been enrolled in Medicare for more than 1 year, no data are available for new elderly enrollees (i.e., patients just reaching 65 years of age) or those receiving care through an HMO. Collecting such data would entail new administrative expenses, and it might be especially difficult to collect data on new enrollees. Finally, clinical and diagnostic data (9th Revision International Classification of Diseases, or ICD-9, codes) are easily available only for beneficiaries who have been hospitalized. Other useful data, such as data on the existence of a chronic condition requiring ongoing ambulatory care, might need to be collected at additional administrative cost. Collecting new data of any sort, however, need not be undertaken for all Medicare beneficiaries; predictive data collected for a representative subset of the Medicare population could be used to determine adjustments to the AAPCC for different HMO's.
Three predictor groups probably would have shortcomings in terms of ease of monitoring and the potential for manipulation. If perceived or functional health status were included in the AAPCC, providers would have an incentive to influence members to report poorer health in response to Medicare interview questions. If clinical information were included in the AAPCC, more extensive and opportunistic coding of diagnoses might take place, similar to the phenomenon seen with hospital payment based on diagnosis-related groups ("DRG creep"). Only prior utilization appears to be relatively free of these problems. Prior utilization data based on Medicare claims or HMO records would be accurate, and we doubt that there would be sufficient incentive to induce provider manipulation.
In terms of incentives for inefficient care, all four predictor groups might present problems. Payments based on ratings of perceived or functional health status and even possibly those based on clinical indicators might ironically reward providers that offer poorer quality care because capitation rates for patients receiving poorer quality care would be higher if such care led to diminished health status. If payments were based on prior utilization data, those HMO's that provided greater numbers of services with less efficiency would receive higher capitation payments in subsequent years and therefore have less incentive to modify this practice. However, we doubt that the incentive here is substantial enough to affect behavior, especially if use of hospital services or total cost of care is the index by which payment is modified. On the other hand, the use of clinical information in the AAPCC could produce an incentive for providers to diagnose more illnesses. This could be medically advantageous to Medicare beneficiaries.
The relative importance of the administrative strengths and weaknesses of the four predictor groups needs to be evaluated carefully, especially in relation to the explanatory power of specific predictors.
Future research and policy implications
Because most of the investigations of medical utilization were not specifically directed toward modifying the AAPCC, the literature has several important gaps. It appears that individual predictors explain only limited amounts of interpatient variation. Our ability to improve on the current formulation of the AAPCC may be minimal; however, several strategies could be explored. Because the strength of individual predictors appears to be small, it is probably important to use them in combination. Although, in some studies, the cumulative explanatory power of predictors from several predictor groups was examined in relation to total medical costs, this has not been done systematically. In none of the studies was the combined explanatory power of measures from the four predictor groups that have performed best examined.
Interaction effects have also received too little attention. In promising work, Ash and colleagues are now examining the combination of prior hospital utilization and specific medical conditions that might be especially predictive of subsequent utilization (Ash et al., 1987) . Conceivably, this approach could be expanded profitably across other predictors. Another related approach, published subsequent to the period of this review, involves the combination of prior utilization and discretionary versus nondiscretionary medical conditions. The concept is that hospitalizations for a particular condition in which the decision to hospitalize is relatively nondiscretionary may be a more accurate gauge of patient health status and future resource needs than discretionary hospitalizations are (Anderson et al., 1986) . Finally as noted earlier, it was suggested in some previous studies that indexes of mental health may be strongly correlated with ambulatory utilization. We should obtain similar information on the association of such indexes with total medical costs.
Because most of the previous studies were performed for purposes other than developing a reimbursement formula, the analytic information available is of limited use. The statistical significance of a predictor is the measure most generally available from previous studies. Less often is there information about reduction in variance, and only a few researchers (Beebe, Lubitz, and Eggers, 1985; Ash et al., 1987) have employed simulations to evaluate the ability of predictive models to make accurate predictions for subgroups of patients who might elect to join an HMO or be otherwise biased.
Questions about the reliability of available information also exist. We know of only one U.S. investigation (Thomas et al., 1985) in which data on perceived or functional health status obtained from patient interviews was examined in relation to hard data on utilization (e.g., data provided by third-party payers). In most studies, the predictors and utilization data examined were obtained from the same patient interview. Conceivably, this may have led to a positive bias in the assessment of explanatory power for perceived and functional health status.
Little information is available on the extent of administrative difficulty likely to be incurred in collecting information on alternative predictors. For example, no information is available on the cost of obtaining prior utilization data for patients in HMO's relative to the cost of interviewing Medicare beneficiaries to determine their health status. In addition, little information is available on the tradeoffs between multi-item health status instruments and simpler instruments in terms of predictive power and interview costs.
We also lack knowledge of the predictive stability of most health status measures. As we noted earlier, in most of the studies providing information on perceived and functional health status, data on patients' status and utilization were collected during the same interview. Hence, the analyses really provide information about explanatory power rather than predictive power. Although it seems likely that the predictive power of any measure will decay over time, some measures may be much more stable than others.
Clearly, it would be useful to have information about the relative stability of various measures, both for guiding the choice among alternatives and for estimating how frequently a particular measure should be updated.
Finally, only three studies (Freeborn et al., 1977; Kasper and McCombs, 1985; Pope, 1979) have been focused on HMO settings. Because a modified AAPCC would be used to pay for beneficiaries enrolled in prepaid groups, understanding the relationship of the various predictors to utilization in HMO settings is critical. We know that patterns of care, particularly rates of hospitalization, differ substantially between prepaid groups and fee-forservice settings. The relationships of various predictors with utilization may also differ between HMO's and fee-for-service settings. The current method of payment, based on what beneficiaries would have cost in the fee-for-service sector, has legislative sanction. However, one might posit an alternative model, namely, that the standard for payment be based on the cost of caring for beneficiaries (appropriately adjusted for their need characteristics) in an HMO rather than in the fee-forservice sector.
Based on this review, it appears that our ability to evaluate predictors as potential modifiers of the AAPCC would be enhanced if future studies of medical utilization were to include several elements. To the extent possible, investigations should include multiple predictors examined in both HMO and feefor-service populations. Long-term followup should also be attempted. Analysis should include statistical considerations, such as determining the strength of individual predictors, their interaction effects, their cumulative ability to explain interpatient variance in medical utilization, and their ability to predict accurately future costs for groups of patients that are nonrandomly selected. Finally, the cost of data collection and the reliability of measures that eventually might be used to modify the AAPCC should be examined.
